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Abstract

With interestin musicinformationretrieval increasingthe needfor retrieval systemsuniqueto
musicis alsogrowing. Despiteits uniquepropertiesmusicsharesmany similaritieswith text. The
goal of this paperis to explore someof the capabilitiesandlimitations of currenttext information
retrieval systemsasappliedto thetaskof musicretrieval. Monophonicmusicis convertedinto text
andretrieval experimentsarerun using two different text informationretrieval systemsin various
con�gurations.Finally, we will discusswhetherthetechniquesappliedherearegeneralizableto the
largerproblemof polyphonicmusicretrieval.

1 Intr oduction
The modern�eld of informationretrieval (IR) beganin the 1950swith the aim of usingcomputersto
automaticallysearchcollectionsof unstructuredonlinetext. Sincethattime,andparticularlyin thelast
decadewith the populararrival of the Internet,interestin varied, “multimedia” information retrieval
applicationshasexploded.Not only hastext retrieval branchedoutby incorporatingaudiospeechrecog-
nition techniques,but imageretrieval andvideo retrieval have received considerableattention. Music
informationretrieval is a third.

Text IR hasa largeheadstarton theseotherretrieval systems.Techniqueshave beenintensively studied
andre�ned for aboutfour decades.Methodsandmodelsfor music IR, on the otherhand,arestill in
their infancy (Byrd & Crawford,2000).Musicretrieval will continueto mature.However, ratherthanlet
it maturein isolation,theattitudetaken in this paperis thatwe shouldleveragetraditionalinformation
retrieval work andexaminetheextentto which techniquesdevelopedfor text canbeappliedto music.

Two primary reasonswe cantake this approachhave to do with the assumptionswe make aboutour
music representationformat. First, insteadof digitized audio, we assumeexplicit knowledgeof the
musicalstructureof apieceof music.In otherwords,thevariousnotesandtheirpitches,starttimes,and
durationsareknown. (Generalaudiomusicrecognition,somewhatakin to speechrecognitionfor text, is
anunsolvedproblemandwill not beaddressedhere.)This structure,or “music text', couldbeanything
from time-stampedMIDI to full musicnotation,suchastheNightingalemusicnotationformat(AMNS,
2000).Second,weassumethatthemusicwearesearchingis monophonic.Only onepitch is “active” at
any giventimeslice.With thesetwo assumptions,it will bepossibleto applytext retrieval techniquesto
music.



2 Background and RelatedWork
2.1 InferenceNetworks (Inquery)
The�rst text retrieval systemunderconsiderationis Inquery(Callan,Croft, & Harding,1992;Turtle &
Croft, 1991).This is a probabilisticretrieval system,basedon thegeneralizedframework of a Bayesian
inferencenetwork. A Bayesiannetis a directedacyclic graph.Thenodesin thegraphrepresentpropo-
sitionalvariablesandthearcsrepresentdependenciesbetweenthosevariables.
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Figure1: An exampleinferencenetwork for documentretrieval

As Callanet al., 1992explain, the InqueryBayesiannet is divided into two principalcomponents:the
documentnetwork and the querynetwork. The documentnetwork hastwo layers. The �rst layer is
composedof documentnodes(

���

). Thedocumentnodesarethe leaves,andaretheonly observablesin
theentiresystem.Thereis onenodefor eachdocumentin a collectionandthevalueof thenodeis the
propositionthat this documentsatis�esa user's informationneed. This valueis alwayssetto true for
everydocument.Theinternalnodesin thegraph,ontheotherhand,arenotdirectlyobservableandmust
beinferredfrom thedocuments.

Thesecondlayerin thedocumentnetwork is composedof documentcontentrepresentationnodes( ��� ),
which representthe propositionthat a given concepthasbeenobserved. As a simple example,one
representationof onepartof a documentmight bea word, a space-or punctuation-delimitedsequence
of alphanumerics.Otherpossiblerepresentationsinclude integer values,dates,namedentitiesandso
on. Onedocumentcanhave multiple representations,andonerepresentationcanbesharedby multiple
documents.For example,a stringof numbers(suchas“1225”) couldbetreatedeitherasa text stringor
asanintegervalueor both,in whichcasetwo representationnodeswouldbeused.Keepin mindthatthe
conceptin a representationnodeis not directly observable;it mustbeinferredfrom thedocument.The
arcbetweenadocumentnode(

���

) andarepresentationnode( ��� ) is theconditionalprobability ���	�
���

�
���

.
Theprior probabilityof any document���

�����

is �

� , where� is thenumberof documentsin thecollection.

Thedocumentcontentrepresentationnodesconnectwith the�rst layerof thequerynetwork at thequery
conceptnodes.Thequerynetwork is a representationof auserinformationneed.A representationnode

��� cantake on two values,trueor false.Thearcbetweenthe ��� andaqueryconceptnode��� is thebelief
in the proposition ��� , the propositionthat the concept��� hasbeenobserved in the document.Bayes'
rule is usedto infer beliefsaboutdocumentrepresentationnodes� from documents,thenbeliefsabout
queryconceptnodes� from documentrepresenationnodes.Justasmultiplearcsareallowedfrom docu-
mentnodesto documentcontentrepresentationnodes,multiplearcsarealsoallowedbetweendocument
contentrepresentationnodesandqueryconceptnodes.This will be useful later in the constructionof



phrases,in which multiple wordsarecombinedin somedesiredmannerto createa singlephrasequery
conceptnode.

Therootof thetree,thenodeto whichall arcseventuallylead,is thequerynodeitself, � . This represents
thepropositionthat the user's informationneedis met, andis alwayssetto true. The variousconcept
nodes� whichcompriseaqueryarecombinedusingaweightedsummationoperator, summingthebeliefs
ateachof thequeryconceptnodes.Documentsarerankedby thissum.Thehigherthebelief thatagiven
documentmeetstheinformationneed,thehigherit is ranked.

2.2 LanguageModeling
A second,lesswell-known probabilisticapproachto text informationretrieval is languagemodeling.The
primarydifferencein thisapproachis that,unlikemostothermodelsin whichthedocumentindexing and
documentretrieval tasksaredissimilar, languagemodelingcombinesindexing andretrieval into asingle
model. Thelanguagemodelis usednot only asanindex, but asa methodof estimatingtheprobability
of generatinga query. Unlike the Inqueryinferencenetwork approach,conceptsarenot inferredfrom
documentsas an intermediatestep. The languagemodelingapproachdealswith the probabilitiesof
generatingthequerywordsthemselves,directly from thedocuments.

The languagemodelwe will usefor musicretrieval is the systemdevelopedby Ponte& Croft, 1998.
For a given userquery, documentsin the collectionareranked by their probability of generatingthat
query. This rankingformula,de�ned for eachdocumentmodel ��� in thecollection,is a productof the
probabilitiesof generatingeachtermin thequery, timestheproductof theprobabilitiesof notgenerating
all thetermsthatarenot in thequery:

�

�

� �!� �"�

�$#&%

')(
*

�

�

�)+,� �-�

�/.0%

'�1 (2*�3
46587

�

�

�)+,� �-�

�

(1)

Theprobabilityof generatinga term,giventhemodelof thedocument,is givenby:
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Whenthetermis foundwithin thedocument( +UT
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), we canusethe�rst probabilityestimate.There
aretwo part to this estimate:
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� , is the maximumlikelihood
estimateof the term given the distribution of that term in the currentdocument,�i� . This is simply
the frequency of occurrenceof the term in that documentnormalizedby the lengthof the document.
Thesecondpart,

�

�FJLKNM , is theaverageover all documentsin which + occurs of themaximumlikelihood
estimateof that termin eachdocument.Finally,
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is a risk function. Detailsarefound in thePonte&
Croft, 1998paper, but it is enoughto saythat

�

j

estimatesto whatdegreethe frequency of thecurrent
term + in a documentvariesfrom thenormalizedmeanacrossall documents.Themorethis frequency
differsfrom themean,theriskier it is to usethemaximumlikelihoodestimate,andthesaferit is to use
theaverageestimate.Hence,
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Whenthetermis not foundwithin thedocument,thebestwecando is to useanestimatebaseduponall



documentsin thecollection.Thus
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is simply thenumberof timesthat termappearsin thecollection
asawhole,over thesizeof (numberof documentsin) thecollection.

Our ranking formula Althoughtherankingformulausedby Ponte& Croft,1998includesanestimate
for all termswhich do not appearin thequery, our experimentdoesnot considerthesetermsimportant.
We are looking for speci�c melodiesin our searches,andthe notesthat we arenot looking for have
little bearingon whetheror not amelodyis presentin adocument.Preliminaryresults(not shown here)
indicatemuchbetterperformancewhenthenon-querytermsareignored,but furtheranalysesneedto be
donebeforewearecon�dent of this. Nevertheless,this is theintuition wehave developedandsoweuse
thefollowing simpli�ed languagemodelrankingformula:
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3 Experimental Design
3.1 Meldex Collection
Themusicdocumentcollectionweusedconsistsof almost9,400NorthAmerican,British, Irish andGer-
manfolksongs,Germanballads,andChineseethnicandprovincial songs(Schaffrath, 1995;DT, 1996;
McNab,Smith,Bainbridge,& Witten,1997).Thesefolksongsareall monophonic;notesareof various
durations,but notmorethanasinglenoteis soundedatany giventimeslice. Ignoringdurations,McNab
etal., 1997show thatsevencontiguousnotepitches(or six contiguouspitch intervals)arenecessary, on
average,to uniquelyidentify asong.

We will not beworking with contiguousnotesof this length(asexplainedin Sections3.2and4.1),but
it is importantto notethis limit andhow it might affect our results. If we createdsequencesthatwere
too long,our evaluationmight beuseless;thevery lengthof thesequenceswould beenoughto achieve
goodretrieval results.Interestedreaderscan�nd a detailedanalysisof theinfometricpropertiesof this
collectionin Downie,1999.

3.2 DocumentCreation
Now thatwehaveacollectionwemustconvertourcollectiondocumentsandqueriesinto aform suitable
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Figure2: Lucy in theSky with Diamonds

As an examplewe have thepieceof musicgiven by Figure2 (Lennon& McCartney, 1967). We start
with anabstractrepresentationof this piecewhich includesthefollowing information: time signatures,
key signatures,notepitchesandnotedurations. From this representationwe constructthe graphicin
Figure2. Fromthis representationwe alsocontructa text documentwhich representsthis samepiece.
Wealsousethisabstractrepresentationto constructtext querieswith whichwewill testtheeffectiveness
of our retrieval systems.



In orderto convert musicdocumentsto text documents,somesimplifying assumptionsneedto bemade.
Themainassumptionis that,while important,notedurationsarenotnearlyasimportantasnotepitches.
We thereforeignoredurationas well as restswhenconverting music to text. Furthermore,we make
the sameassumptionasotherresearchersthat pitch intervals arebetterfeaturesthanabsolutepitches,
becauseof possibletranspositionsfrom onekey to another(Downie,1999).

Unigrams The �rst type of pitch interval we useis interval unigrams.For example,the �rst notein
Figure2 is anE. Thesecondnoterisesto anA. Subsequentnotesrise to anE, fall to a G, riseto anE,
thenfall to anA. Pitchintervalsaremeasuredin semitones.Sothesequenceof pitch intervalsbegins:
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In theMeldex collectionthereareno intervals largerthan+24or smallerthan-24. For simplicity andto
avoid working with “negative” text terms,we add25 to eachinterval. Thus,thepitch interval unigrams
rangefrom 1 to 49. Thesongin Figure2 becomesthefollowing text document:
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Bigrams Thesecondtypeof pitchinterval usedis interval bigrams.Whereasunigramsonly considered
two contiguousnotes,bigramsturnthreecontiguousnotesinto asingle“text” term.Thesongin Figure2
beginswith thefollowing orderedpairsof unigrams:
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Usingthesameconventionfor eliminating“negative” termsaswedid with unigrams,thisbecomes:
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We canagaintake advantageof thefact thatthevocabulary sizeof thecollectionis limited andknown.
Consideran arbitraryorderedunigrampair �	‚

pbƒ

�

. Neither ‚ nor
ƒ

aregoing to be larger than49 or
smallerthan 1. Thus,we canusethe following formula to convert �	‚
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This �nally yieldsthefollowing bigram“text” document:
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Note that even thoughtheseconvertedtext termsarenumbers,it is importantnot to think of themas
integers,in thesensethat they canbeordered,added,subtractedandsoon. Theterm“1226” = (25,1)
mightactuallybemoresimilarto “1177” = (24,1) thanit is to “1225” = (24,49), eventhoughtheinteger
1226is closerto theinteger1225.Thetermsaresimplyanenumeration,asimplewayof convertingpitch
intervalsto text.

4 Experiment One
4.1 Query Construction
Theprocessfor turningamusicqueryinto atext queryis similarto thatof turningamusicdocumentinto
a text document.Thequery“wrapper”, thesyntacticsugar, differs for eachtargetsystem,but thebasic



methodis the same. In our experimentsqueriesarecomposedof pitch interval unigramsor bigrams.
Note that this differs from the Downie, 1999approach,which useslonger4, 5 and6-gramqueriesas
well as4, 5 and6-gramdocumentterms.We wantto seehow well our approachdoesusingthesebasic
units, ignoring the larger discriminatorypower (but smaller�e xibility andgeneralizability)that longer
n-gramsafford.

For Inquery, eachof our queriesis a weightedsumof eitherunigramsor bigrams.For LanguageMod-
eling,a queryis a productof theestimateof eachunigramor bigramprobability, giventhemodelof the
document.Essentially, our queryhasbecomea “grab bag”, a setof terms. Theonly sequentialitythat
hasbeenpreservedis thatof two contiguousnotes(for interval unigrams)or threecontiguousnotes(for
inteval bigrams).For example:

Inqueryquery LanguageModelquery
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Additionally, we constructqueriesthataresomewherebetweenunigramsandbigrams.Inqueryallows
phraseoperatorswhichtakeastheirargumentmultiplequeryterms(querycontentrepresentationnodes)
andaninteger, ‚ . The Œ;••‚ (unorderedwindow) operatorlook for querytermswhichappearin any order
within a size ‚ documentwindow. The

v
�

‚ (orderedwindow) operatorlooks for phrasetermswhich
appearin theexactsameorderasin thephraseoperator, within asize ‚ documentwindow.

For example,if the songfrom Figure2 is usedasa query, it might be transformedinto the following
weightedsumof Inqueryphraseoperators:

#q1= #WSUM(1.0
1.0 #od3(30,32)
1.0 #od3(32,16)
1.0 #od3(16,34)
1.0 #od3(34,18)
. . .

);

We usefour differentInqueryphraseoperators:#uw1, #od5,#od3and#od1. The purposeof the un-
orderedwindow (#uw1) is to examinethe importancethat sequencinghasin musicandwhathappens
whensequencingis ignored. The purposedof theorderedwindows at variouslexical distances(#od1,
#od3,#od5)is to examinetighterandloosermatchingschemes,to seeto whatdegreewe arehelpedor
harmedby allowing, in effect,non-contiguousbigrams(non-contiguousorderedunigrampairs).



4.2 Results
Thanksto TREC, the text retrieval communityhasseveral large collectionsof documentsalongwith
a fairly extensive relevancejudgementson eachcollection(Harman,1995). The musicretrieval com-
munity doesnot yet have this samestandardizationanddocument-to-queryrelevanceinformation. A
name-that-tune, or known-item search,is an alternative evaluationtechnique.A songis selectedfrom
thecollection,a queryis createdbasedon thatsong,andthesystemis evaluatedby therankingof this
item.

Fifty songswereselectedat randomfrom theMeldex collectionandtranformedinto queriesof various
lengths.Full text queriescontainanaverageof 50 notes(49 interval unigrams,or 48 interval bigrams).
12-noteand7-noteincipitsarequeriesconstructedby usingtheinitial 12 or 7 notesof asong.

Table1 lists the InqueryandLanguageModelingapproachesusingunigramsandbigrams,andthe In-
queryapproachusingunigramphrases(uw1, od5,od3andod1). Thevalueshown is theaveragerank
achievedby eachretrieval approachoverqueriesfrom 50songs.Thelowertherank,thebetterthesystem
performance.

Table1: Averagerankof known item over50 queries

System QueryType full-text 12-noteincipit 7-noteincipit
INQUERY unigram 259 717 1420
LANGMOD unigram 1377 1168 1578
INQUERY bigram 1 14 162
LANGMOD bigram 1 12 221
INQUERY Phraseuw1 2155 2916 3731
INQUERY Phraseod5 22 180 667
INQUERY Phraseod3 5 98 507
INQUERY Phraseod1 1 15 164

4.3 Discussion
Query Length Onemight questiontheef�cacy of usingthe full text of a known item for querycon-
struction.Thiswasdonebecauseit givesanupperboundontheperformanceof eachretrieval technique.
In text retrieval, if thefull text of a documentis usedto createa query, performancewould likely drop.
Therearetoo many “noisy” wordsin a document,wordswhich conceptuallyhave little to do with the
aboutnessof thatdocument.Ontheotherhand,intuition saysthatthelongeramusicalpassage,themore
thatpassagewill beaboutthesongfrom which it is taken. Theresultsin table1 show thatthis intuition
holdsfor all theseretrieval systemsandqueries,exceptLanguageModeledunigrams.Thelargerthesize
of thequery, thebetterthesystemperforms,onaverage.

Inquery versusLanguageModeling For unigrams,theInqueryapproachdoesmuchbetterthanthe
LanguageModeling approach.Neithersystem,however, hasan absoluteperformancelevel anywhere
nearacceptable.This is not surprising,sinceunigramscontainsolittle sequentialinformationnecessary
for music. With bigrams,on the otherhand,the differencebetweenthe two approachesnarrows. For
full-text queries,LanguageModelingdoesworsethanInqueryin only 2 of 50 instances,andequalto
Inqueryin theremaining48 instances.It is not currentlyknown why languagemodelingfails with uni-
grams,relative to Inquery, but succeedswith bigrams.Unigramsdo not discriminatevery well between
songs,andperhapsInquery's inversedocumentfrequency weightinghandlesthis problembetterthan



the languagemodelingapproach.A bigramencapsulatesa longersequenceof notesthana unigram,
increasingimplicit termdiscriminationperhapsto a point whereInquery's weightingschemeno longer
providessigni�cant improvementover theLanguageModelingscheme.

Inquery Phrases Onemain differencebetweenthe languagemodelingapproachandInqueryis that
the former doesnot containthe notion of phrases,or term non-contiguity, while the latter does. The
�rst phraseexperiment,#uw1,performsasexpected:poorly. The unorderedwindow size1 simulates
contiguitybetweenunigrams,increasingthediscriminationpower of theterm,but thedisregardfor the
orderof thecontiguity destroys any discriminationwe might have gained.The #uw1 phrasesdo even
worsethanunigramsby themselves,onaverage.

Thereareexceptions.A query-by-queryanalysisshows that#uw1succeedswith (approximatelythree)
queriesthat have a large proportionof contiguousnoteswith the samepitch: #uw1(25,25). In such
cases,the�rst andsecondtermin aphrasearethesame,andthesymmetryis notbrokenby anunordered
window. A #uw1phraseeffectively behaveslike an#od1phrase,soperformanceimproves. In thevast
majorityof instances,however, theunigramsarenotthesameandresultsarehurtsigni�cantly; toomany
spuriousmatchesarefound.

By payingattentionto theorderingof contiguousunigrams,recapturingtheoriginal sequentialityof a
song,od phrasesprovide betterperformance.The#od1phrasesareextremelysimilar to bigrams.When
thedistancebetweentheorderedunigramsis looser(#od3and#od5),perhapsto allow more�e xibility
in matching,performancedrops;morespuriousmatchesarefound.(Morerelevantsongsmightbefound
aswell, but we cannottest this without bettercollectionsandrelevancejudgements.)The amountof
thedropappearsto beinverselyproportionalto thesizeof thequery. Thelongerthequery, thelessthe
rankingis affectedby spuriousmatchesdueto largerwindow sizes.

5 Experiment Two
5.1 Query Construction
We cannotcontrol thelengthof theuserquery, but we cancontrolhow thatqueryis used.This leadsto
a secondexperiment,basedon Inquery's �e xible phraseoperators.(We do not continuewith Language
Modelingbecausecurrenttext-basedapproachesdo notallow for non-contiguousn-grams,or phrases.)

Recallthat Inquery's phraseoperatorstake astheir argumentsquerycontentrepresentationnodes(sec-
tions2.1 and4.1). In theprevious experiment,thesenodeswerepitch interval unigramsandbigrams.
However, phraseoperatorsarethemselvesquerycontentrepresentationnodes.Phraseconceptnodescan
thereforebeinferredfromotherphraseconceptnodes. Simplyput,phrasescanbenested.

A samplequerywith nestedphrasesis this#od3phraseof #od5phrases:

#q1= #WSUM(1.0
#od3( #od5(30,32)

#od5(32,16)
#od5(16,34)
#od5(34,18)
. . .

)
);



An exponentialnumberof phrasecombinationsandnestingsarepossible.Phrasescanbe nestedto an
arbitrarydepth,phrasedistanceargumentscanbevariedatarbitrarynodes,indeedtheentireshapeof the
querycontentnodenetwork canbemodi�ed andrearranged.For simplicity, we only test#od‚ phrases
of #od

ƒ

phrases.Trialsarerun for queriesof eachlength:full-text, 12-noteincipits,and7-noteincipits.

5.2 Results
Table2: Averagerankof known item over50 queries

System QueryType full-text 12-noteincipit 7-noteincipit
INQUERY Phraseod5of od5 1 9 218
INQUERY Phraseod5of od3 1 4 116
INQUERY Phraseod5of od1 1 1 18
INQUERY Phraseod3of od5 1 2 99
INQUERY Phraseod3of od3 1 2 84
INQUERY Phraseod3of od1 1 1 13
INQUERY Phraseod1of od5 1 1 13
INQUERY Phraseod1of od3 1 1 11
INQUERY Phraseod1of od1 1 1 8

5.3 Discussion
Theresultsareencouragingfor thenestedodxoperators.For any givenqueryataspeci�edquerylength,
thenestedphraseequalsor outperformstheunigram,bigram,andstraight#od5,#od3,and#od1forms
of thatquery. The only exceptionis the #od5of #od5son 7-notequeries;the phrasewindows aretoo
looseandthequerylengthtoo short. Otherwise,every otherqueryconstructoutperformsstraight#od1
phrasesandbigrams.

Query size still matters,but using nestedphraseoperatorsin a mannerwhich attemptsto recapture
theoriginal sequentialityof thesongproducesmorepreciseresults.Theadvantageis that theselooser
matchingschemes(#od5of #od3s,andsoon)allow potentiallybetterrecallwithoutsacri�cing toomuch
precision.Whendoingaknown-itemsearchthis is not interesting.However, oncelargercollectionsand
relevancejudgementsbecomeavailable(oncemultipledocumentsarejudgedrelevantto asinglequery),
theability to allow for more�e xible matchingwithout hurtingprecisionis important. It is theauthor's
opinionthat therearebene�ts in differentqueryformulationsandshapes.Differentmusicfeaturesand
variationscouldbeemphasizedor ignored,basedon how thequeryis constructed.

6 Conclusion
Thegoalof this paperwasto evaluatecurrenttext informationretrieval systemsasappliedto themono-
phonicmusicretrieval task.AlthoughotherprobabilisticmethodssuchastheInquerysystemhave been
tried,theLanguageModelingapproach,to thebestof theauthor's knowledge,hasnever beenappliedto
music.This latterapproachdid not yield impressive results.

However, the framework offeredby LanguageModeling is still useful. In mostcurrenttext retrieval
systems,aseparatemodelis usedfor documentrepresenationandfor query-to-document-representation
matching.Additional layersof abstractionareadded,“concepts”areinferredfrom documentsandfrom
queries,and then theseconceptsare retrieved. For text, this additionalabstractiondoesnot always
posea signi�cant problem.Thereis oftenhigh correlationbetweentokenizedalphanumericsequences
(words)andconcepts.With music,on theotherhand,conceptsaremuchmoredif�cult to �nd. Where
is meaningfound in music? In a singlenote? In a noteinterval? In six contiguousnoteintervals? In
six non-contiguousnoteintervals (i.e.: becauseof improvisationor someothervariation)?Theanswer



remainselusive, anda retrieval systemwhich basesits effectivenesson its ability to extract somesort
of musicaltermsor conceptsfrom amusicdocumentwill have to solve thisproblembeforetacklingthe
actualretrieval task.

The LanguageModeling framework bypassesthis intermediatestepandgoesdirectly from document
to query. It askshow likely it is thata given documentcouldhave generateda query, regardlessof the
“concepts”thatarefoundin eitherthedocumentor thequery. This framework thusbecomesveryuseful
for music,whereconceptextractionis dif�cult.

Despitetheserantingsaboutthedif�culty of �nding or inferringmusicalconceptsfrom documents,this
paperalsoshows that an adequateworkaroundis possible.While otherapproachesto musicindexing
have concentratedon longer Ž -grams,we �nd that it is possibleto index seeminglymeaninglessterms,
pitch interval unigrams,andstill get goodresults. The Inqueryphraseoperatorslet a userconstructa
querywhich takesinto accounttheordereddistanceof unigrams,creatinga semblanceof theoriginal
sequence.A con�gurablewindow sizeaswell astheability to nestphrasesto anarbitrarydepthallows
for �e xibility in precisionandrecall.

However, this Inqueryphrasetechniqueis strictly limited to monophonicmusic.For polyphonicmusic,
it is unclearhow onemightindex interval unigrams.If polyphonicmusicconsistedexclusively of chords,
thetaskwouldbemuchsimpler. Butmostinterestingmusichasmultiplevoices,multipleparallelthreads,
all of which arenot alwayseasilyresolved into a singleone-dimensionalsequence.Othertechniques
needto bedeveloped.
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